A typical behavioral research paper features multiple studies of a common phenomenon that are analyzed solely in isolation. Because the studies are of a common phenomenon, this practice is inefficient and forgoes important benefits that can be obtained only by analyzing them jointly in a single-paper meta-analysis (SPM). To facilitate SPM, we introduce meta-analytic methodology that is userfriendly, widely applicable, and specially tailored to the SPM of the set of studies that appear in a typical behavioral research paper. Our SPM methodology provides important benefits for study summary, theory testing, and replicability that we illustrate via three case studies that include papers recently published in the Journal of Consumer Research and the Journal of Marketing Research. We advocate that authors of typical behavioral research papers use it to supplement the single-study analyses that independently examine the multiple studies in the body of their papers as well as the "qualitative meta-analysis" that verbally synthesizes the studies in the general discussion of their papers. When used as such, this requires only a minor modification of current practice. We provide an easy-to-use website that implements our SPM methodology.
M eta-analysis is a well-established statistical technique that synthesizes two or more studies of a common phenomenon. Because multiple studies provide more information about the common phenomenon than any single one of them, meta-analysis can offer a number of benefits. For example, insofar as the studies measure the common phenomenon with some degree of error, a metaanalysis, which pools the results from the studies via a weighted average, will yield an estimate that is on average more accurate than that of any individual study. In addition, the uncertainty in the meta-analytic estimate will typically be smaller than the uncertainty in the estimate of any individual study, thereby, inter alia, increasing statistical power relative to individual studies and providing a means of resolution when individual studies yield so-called conflicting results. Further, meta-analysis allows for the investigation of differences among studies, for example by quantifying the impact of study-level covariates or the degree of between-study variation.
These benefits have been widely realized in behavioral research in traditional meta-analyses of studies that appear in multiple papers. However, they have only very seldom been realized in meta-analyses of studies that appear in a single paper. Indeed, a typical behavioral research paper features multiple studies of a common phenomenon that are analyzed solely in isolation. Because the studies are of a common phenomenon, this practice is inefficient and forgoes important benefits that can be obtained only by analyzing them jointly in a single-paper meta-analysis (SPM).
Authors contemplating conducting an SPM can choose from among a host of meta-analytic methodological options that, although originally developed for the traditional metaanalysis of studies that appear in multiple papers, could also be used for SPM. For instance, they might consider the approaches discussed by Rosenthal (1978) , such as Fisher's method of adding log ps (Fisher 1925 (Fisher , 1948 ) and Stouffer's method of adding zs (Mosteller and Bush 1954; Stouffer et al. 1949) . They might also consider the standardized effect approach, which involves converting their observed effects to a common standardized scale such as the Cohen's d scale and modeling the standardized effects via basic metaanalytic models (see, for example, Borenstein et al. 2009) .
In this paper, we introduce meta-analytic methodology that-in contradistinction to these approaches-is specially tailored to the SPM of the set of studies that appear in a typical behavioral research paper. Our SPM methodology is user-friendly because it requires only basic summary information (e.g., means, standard deviations, and sample sizes); importantly, despite requiring only this basic summary information, the model underlying our SPM methodology is equivalent, by a principle known as statistical sufficiency, to that underlying the "gold standard" metaanalytic approach-namely, an appropriately specified hierarchical (or multilevel) model fit to the individual-level observations (Cooper and Patall 2009; Haidich 2010; Simmonds et al. 2005; Stewart and Tierney 2002) . In addition, our SPM methodology is widely applicable; indeed, a literature review reveals that it could have been used in 86% of the behavioral research papers published in the three most recent volumes of the Journal of Consumer .
Our SPM methodology provides important benefits for study summary, theory testing, and replicability that we illustrate via three case studies that include papers recently published in the Journal of Consumer Research and the Journal of Marketing Research and that, as we further note in our discussion, are either not provided by or are provided only in part by alternative approaches. Specifically, our SPM methodology provides a graphical and quantitative summary of the studies. The graphical summary facilitates the communication and comparison of results within and across studies, thus simplifying assessments of convergence, while the quantitative summary provides a more precise estimate of each effect of interest as well as the uncertainty in this estimate. This increased precision is important for theory testing because it allows for more powerful tests of posited effects. Further, these more powerful tests can deepen theory testing by motivating new decompositions of the effects that investigate alternative explanations. Additionally, our SPM methodology provides an estimate of and accounts for between-study variation.
This estimate of between-study variation can suggest unaccounted-for moderators that have the potential to enrich theory, while accounting for between-study variation improves calibration of Type I and Type II error. Finally, our SPM methodology provides sample size analyses for future studies and future sets of studies that account for the uncertainty associated with effect estimates as well as betweenstudy variation, thus enhancing replicability.
Our SPM methodology has two additional benefits. First, because it requires only basic summary information and this information is often reported in papers, it allows readers as well as authors to conduct an SPM and obtain the benefits for study summary, theory testing, and replicability discussed above. Second, because the reporting of an SPM is extremely concise, it allows authors to, if they desire, include in the SPM studies they have that are related to those reported in the paper but which themselves were not reported in the paper; this allows authors to provide further evidence about the phenomenon of interest without taking up a great deal of journal space and thus should enhance replicability.
Because our SPM methodology is user-friendly, is widely applicable, and provides these manifold benefits, we advocate that authors of typical behavioral research papers use it to supplement the single-study analyses that independently examine the multiple studies in the body of their papers as well as the "qualitative meta-analysis" that verbally synthesizes the studies in the general discussion of their papers. When used as such, this requires only a minor modification of current practice.
To facilitate this, we provide an easy-to-use website that implements our SPM methodology (http://www.singlepa permetaanalysis.com/). It includes a detailed tutorial that shows how to replicate the case studies presented in this paper and how to apply it to new papers.
In the remainder of this paper, we discuss the prevalence of between-study variation in behavioral research studies-a topic that has been largely overlooked to date-and the implications of this for SPM. We then describe the model underlying our SPM methodology, illustrate it via three case studies, and discuss the sample size analyses it provides. Finally, we summarize the principal benefits of our SPM methodology, remark on some of its features, and conclude with a brief discussion.
HETEROGENEITY IN BEHAVIORAL RESEARCH STUDIES
The purpose of meta-analysis is to synthesize a set of studies of a common phenomenon. This task is complicated in behavioral research by the fact that behavioral research studies can never be direct or exact replications of one another Fabrigar and Wegener 2016; Rosenthal 1991; Stroebe and Strack 2014; Tsang and Kwan 1999) . Instead, studies differ at minimum in their method factors-that is, anything pertaining to the implementation of the study that is not directly related to the theory under investigation. Method factors can include seemingly major factors such as the operationalization of the dependent measure, the operationalization of the experimental manipulation(s), or unaccounted-for moderators, but also seemingly minor factors such as the social context, the subject pool, or the time of day (for a comprehensive list, see Brown et al. 2014) . Differences in method factors result in true effects that vary from study to study (i.e., between-study variation also known as heterogeneity), necessitating hierarchical meta-analytic models that account for this by decomposing the variation in observed effects into a between-study component that results from differences in method factors and a within-study component that results from sampling error (i.e., measuring only a subset, or sample, of the population; Borenstein et al. 2009; Cooper, Hedges, and Valentine 2009; Hedges and Olkin 1985; Hunter and Schmidt 2014) .
While accounting for heterogeneity has long been regarded as important in meta-analyses of sets of studies that consist of general (i.e., systematic or conceptual) replications, there is mounting evidence and growing appreciation that this is also the case in meta-analyses of sets of studies that consist entirely of close replications (i.e., studies that use identical or similar materials). For example, consider the Many Labs project, which provides 16 estimates of 13 classic and contemporary behavioral research effects from 36 independent samples totaling 6,344 subjects (Klein et al. 2014) . Each of the 36 laboratories involved in the project used identical materials, and these materials were administered through a web browser in order to minimize the effect of laboratory-specific method factors (i.e., the studies were close replications of one another). Nonetheless, meta-analyses of these studies conducted by the Many Labs authors yielded nonzero estimates of heterogeneity for all 14 of the effects they found to be nonnull; further, 40% of the total variability on average across these effects was due to heterogeneity resulting from laboratory-specific method factors (Klein et al. 2014, table 3 ).
Among the 6,344 Many Labs subjects were 1,000 recruited via Amazon.com's Mechanical Turk. The study materials were administered to these 1,000 subjects over seven unique days beginning on August 29, 2013, and ending on September 11, 2013 (i.e., seven consecutive days excluding Fridays, weekends, and the Labor Day holiday). Restricting attention to only these subjects and treating each unique day as a separate sample yields seven extremely close replications of each effect. Again, however, despite the extreme degree of closeness, heterogeneity is nontrivial: meta-analyses yield nonzero estimates of heterogeneity for nine of the 14 non-null effects, and across these effects 21% of the total variability on average was due to heterogeneity resulting from method factors.
Given the degree of heterogeneity present in the Many Labs studies (where the only difference among the studies was the location of the laboratory) and in the Mechanical Turk subsample of these studies (where the only difference among the studies was the day on which the study materials were administered), it seems reasonable to conclude that some degree of heterogeneity is likely to be present in much behavioral research, as more typical sets of studieseven those that appear in a single paper-tend to have more variation in their method factors than do the Many Labs studies (e.g., they seldom use identical materials). This suggests it is critical to account for heterogeneity when analyzing behavioral research studies. Importantly, this is not possible when studies are analyzed solely in isolation but is possible when they are analyzed jointly via hierarchical meta-analytic models.
MODEL DESCRIPTION
Our SPM methodology is specially tailored to account for the complex patterns of variation and covariation among the observations of a dependent measure from a set of studies that appear in a typical behavioral research paper. In particular, it extends prior hierarchical metaanalytic models to accommodate (i) an arbitrary number of study conditions that result from the variation of one or more experimental factors and give rise to multiple dependent effects of interest (e.g., simple effects and interaction effects); (ii) a mix of study designs (e.g., twocondition vs. 2 Â 2, between-subjects vs. within-subjects); (iii) the variation (or heterogeneity) resulting from differences in method factors among the observations; and (iv) the covariation induced by the fact that the observations are nested within studies and study conditions (or, when one or more studies follow a within-subjects design, nested within studies, subject groups, and study conditions).
To achieve this, our SPM methodology decomposes each observation-that is, a statistic (e.g., the mean, the proportion of successes) that summarizes the individual-level observations in each condition of each study-into three components: (i) an overall condition average component, (ii) a study-condition component that reflects method factors, and (iii) a study-condition component that reflects sampling error. It allows the second component to reflect method factors specific to each study as a whole as well as to each condition of each study (and, when one or more studies follow a within-subjects design, to each subject group). It assumes method factors and sampling error operate independently; it further assumes they have zero mean as the mean is captured by the overall condition average components.
As noted in our introduction, despite requiring only basic summary information, the model underlying our SPM methodology is equivalent to that underlying the gold-standard meta-analytic approach. Specifically, the same results are obtained when our SPM methodology is fit to the basic summary information and when an appropriately specified hierarchical model (i.e., one that accommodates the four features discussed in the opening paragraph of this section) is fit to the individual-level observations. This equivalence-and the widespread applicability of these equivalent models for the meta-analysis of the set of studies that appear in typical behavioral research papers-has not been noted or exploited in the metaanalytic literature.
We refer the reader interested in the full details regarding our SPM model specification and estimation procedure to our supplementary materials.
CASE STUDIES
In this section, we illustrate our SPM methodology by applying it to two recently published papers (Maimaran and Fishbach 2014; Shah et al. 2014) as well as one yet-tobe-published work. Each paper is rather different in terms of the study designs, the effects of interest, and the results. Consequently, we begin with the most straightforward paper and work toward more complicated ones. Our focus here is on describing the input data required by our SPM methodology (and website), interpreting the SPM estimates relative to the single-study estimates, and demonstrating the additional benefits the SPM provides relative to the single-study analyses. After doing so, we offer a summary of the SPM that would add to the general discussion of the papers.
The first case study serves primarily as an example of our SPM methodology in a setting that is simple both theoretically and empirically. Nonetheless, even in this simple setting the SPM provides benefits: it yields better estimates of the effects of interest and the uncertainty in them as well as an estimate of heterogeneity. The second case study shows how the more precise estimates provided by the SPM can deepen theory testing. In particular, the SPM detects effects that the single-study analyses did not, thereby motivating new decompositions that investigate alternative explanations. Finally, the third case study shows that the estimate of heterogeneity provided by the SPM can suggest unaccounted-for moderators that drive this heterogeneity and have the potential to enrich theory.
We selected Maimaran and Fishbach (2014) and Shah et al. (2014) because they were exemplary in their data reporting practices. In particular, Maimaran and Fishbach (2014) report not only the mean but also the standard deviation of the dependent measure for all conditions of all studies in one concise table (Maimaran and Fishbach 2014, table 2) . Similarly, Shah et al. (2014) report the proportion of successes for all conditions of all studies in tables throughout the text (Shah et al. 2014 , tables 1-4). Total sample sizes for all studies were also clearly reported by both sets of authors, and in our analysis we make the further assumption that the subjects were split evenly across the conditions of each study; this assumption is not required by our SPM methodology but is not unreasonable to employ when, as here and as is typical, the sample size of each condition of each study was not reported.
Case Study I: Maimaran and Fishbach (2014) Maimaran and Fishbach (2014) "propose[d] that preschoolers infer that if food is instrumental to achieve a goal, it is less tasty, and therefore they consume less of it." They tested this hypothesis across five studies that used similar stimuli.
1 The primary dependent measure in these studies was food consumption measured in morsels, and the primary hypothesis concerned the difference between the control and instrumental conditions; a secondary hypothesis motivated by practical parental considerations concerned the difference between the control and yummy conditions.
We present the summary information for the series of studies conducted by Maimaran and Fishbach (2014) in table 1, which serves as the primary input data for our SPM methodology. The contrasts studied by the authors are given by (1 -1 0) for the control versus instrumental Maimaran and Fishbach (2014) except the measurements for study 4 have been converted from grams to morsels using the conversion rate of 42 grams per 20 morsels reported in Maimaran and Fishbach (2014) .
1 Studies 1 and 3 followed a three-condition design (control vs. instrumental vs. yummy), while studies 2, 4, and 5 followed a twocondition design (control vs. instrumental). All studies followed a between-subjects design.
contrast and (1 0 -1) for the control versus yummy contrast.
We present the single-study estimates from Maimaran and Fishbach (2014) in figure 1. The point estimates are given by the squares, and 50% and 95% intervals are given by the thick and thin lines, respectively. The figure can be thought of, inter alia, as providing a graphical t-test where 95% intervals that overlap the dashed vertical line at zero represent a failure to reject the null hypothesis significance test of zero effect.
The figure is consistent with the theory presented in Maimaran and Fishbach (2014) that subjects in the control condition consume more than those in the instrumental condition. In particular, all five single-study estimates of the control versus instrumental contrast are positive and none of the intervals overlap zero; in other words, all five estimates are positive and attain statistical significance. Similarly, both estimates of the control versus yummy contrast overlap zero; in other words, both fail to attain statistical significance. In sum, these estimates and intervals depict graphically the results of the null hypothesis significance tests reported in the text of Maimaran and Fishbach (2014) .
We also present the SPM estimates in figure 1 . The estimates are given by the vertical bars, and again 50% and 95% intervals are given by the thick and thin lines, respectively. By combining information across studies, the SPM estimates have uncertainty intervals that are much narrower than those of the single-study estimates. Consequently, one can be more confident in the estimates-both in terms of size and sign-and thus in the authors' conclusion that subjects in the control condition consume more than those in the instrumental condition and about the same amount as those in the yummy condition. In particular, the narrower uncertainty interval implies the SPM provides a more powerful test of the posited null effect of the control versus yummy contrast as compared to any single study and demonstrates that any effect is likely to be small even if nonzero.
The single-study estimates displayed in figure 1 vary from 3.53 to 5.97 morsels for the control versus instrumental contrast and .58 to 1.87 morsels for control versus yummy contrast. The amount of this variation that can be attributed to sampling error versus method factors is quantified by the SPM heterogeneity estimate, which is .58 on the variance scale (or ffiffiffiffiffiffi ffi :58 p ¼ :76 on the standard deviation scale). While this can be interpreted by comparing it to the standard deviations and sample sizes displayed in table 1, a statistical measure known as I 2 (Higgins et al. 2003; Higgins and Thompson 2002) -which gives the percentage of the variation in the observations (beyond that attributable to the experimental manipulations) that is NOTE.-Effect estimates are given by the squares for single-study estimates and the vertical bars for SPM estimates; 50% and 95% intervals are given by the thick and thin lines, respectively. The average sample size per condition in each study is given by the size of the squares. The SPM estimates are much more precise thereby giving greater support to the authors' conclusions.
due to heterogeneity-can sometimes provide a cleaner interpretation. I 2 is estimated at 19%, suggesting that method factors account for about one-fifth of the variation in the observations beyond that attributable to the experimental manipulations. To put this in perspective, Pigott (2012) provides guidance on the typical size of I 2 in behavioral research; in particular, she defines low heterogeneity as I 2 ¼ 25%, medium heterogeneity as I 2 ¼ 50%, and high heterogeneity as I 2 ¼ 75% (see also Higgins and Thompson 2002) . Thus, according to this schema, heterogeneity is estimated to be low in these studies; this is unsurprising, as the five studies were reasonably close replications of one another (e.g., they used similar stimuli and were conducted in the same preschool). However, the uncertainty interval for I 2 is (0%-59%), suggesting the data are consistent with there being anywhere from zero to medium heterogeneity. In other words, the estimate of heterogeneity is imprecise; this is also unsurprising, as five studies with small sample sizes (which is understandable given the subject population) are simply unable to provide a precise estimate of heterogeneity.
To summarize this SPM, we suggest the following:
Across five studies, we showed that preschoolers consume less food relative to a control condition when it is presented as instrumental to achieve a goal, but about the same amount of food when it is presented as yummy. An SPM of our studies estimates the first effect at 5.09 morsels (95% CI: 3.80-6.38) and the second effect at 1.84 (95% CI: À.21-3.89), indicating that presenting food as instrumental reduces consumption substantially. I 2 was estimated at 19% (95% CI: 0%-59%), suggesting heterogeneity is low, with method factors accounting for only about one-fifth of the variation in the observations beyond that attributable to the experimental manipulations; however, the width of the interval suggests that heterogeneity is not estimated precisely.
Case Study II: Shah et al. (2014) Shah et al. (2014) proposed that restaurant menus that combine a price surcharge with an unhealthy label can "reduce the demand for unhealthy food." They tested this hypothesis across three laboratory studies and one field study that used similar stimuli.
2 The primary dependent measure in these studies was whether or not the subject ordered an unhealthy entrée, and the authors' analysis focused on three contrasts-the difference in the proportion of unhealthy entrées ordered between a control menu (i.e., no surcharge and no label) and each of three intervention menus (i.e., surcharge only, label only, both surcharge and label). We present the summary information for the series of studies conducted by Shah et al. (2014) in table 2, which serves as the primary input data for our SPM methodology; when the dependent measure is binary as here, only proportions and sample sizes (as opposed to means, standard deviations, and sample sizes) are required. The contrasts studied by the authors are given by (1 -1 0 0) for the control versus surcharge-only contrast, (1 0 -1 0) for the control versus label-only contrast, and (1 0 0 -1) for the control versus surcharge and label contrast.
We present single-study estimates from Shah et al. (2014) in figure 2(a). As per the authors' theory, the contrast between the control menu and the menu with both a surcharge and a label consistently attains statistical significance. In addition, the estimates of all three contrasts are remarkably consistent 
2
Study 1A followed a 2 Â 2 design (absence or presence of a price surcharge; absence or presence of an unhealthy label). Study 1B dropped the surcharge-only menu but added an additional experimental factor (absence or presence of calorie and health information); in all other studies, this information was absent. Study 2 returned to the design of study 1A but added an additional experimental factor (dining alone vs. dining with a friend). Finally, study 3 was a field study that followed the design of study 1A. All studies followed a betweensubjects design. As there was no main effect of calorie and health information in study 1A, there was no main effect of dining partner in study 2, and these additional experimental factors were not primary to the authors' theory, we treat these conditions as additional observations of the two main experimental factors. This is a modeling decision we made in analyzing the data, and we do not mean to exclude other decisions or suggest this is the most appropriate one for all purposes. Since our main purpose is to illustrate our SPM methodology, this decision seems reasonable here. NOTE.-Effect estimates are given by the squares for single-study estimates and the vertical bars for SPM estimates; 50% and 95% intervals are given by the thick and thin lines, respectively. The average sample size per condition in each study is given by the size of the squares. The SPM suggests all three contrasts shown in the top subfigure attain statistical significance, thereby motivating the decomposition of the effects shown in the bottom subfigure. This shows the simple contrasts can be decomposed into main effects and any interaction effect is likely to be negligible in size.
across studies-whether or not they attain statistical significance. This suggests that the findings are substantially stronger than indicated by "vote-counting" the number of statistically significant results. It is also interesting because it shows that the results of the field study (study 3) are consistent not only in sign with but also in size with the laboratory studies, thereby strengthening the authors' contribution in terms of robustness and generalizability. Due to the consistency of the effect estimates across studies, the SPM estimates, which we also present in figure 2(a), are estimated with uncertainty intervals that are much narrower than those of the single-study estimates. Consequently, while the single-study contrasts involving the surcharge-only menu and the label-only menu generally do not attain statistical significance, the SPM indicates a small but nonzero effect on the order of 5 to 10 percentage points for each. Further, the effect of the menu with both a surcharge and a label is estimated to be about 15 to 20 percentage points.
That all three SPM estimates attain statistical significance raises the question of how the effects arise. Understanding this can be instructive for theory, and thus we decompose the effects into two main effects and an interaction effect and present results in figure 2(b) .
3 For the single-study estimates, the surcharge main effect sometimes attains and sometimes fails to attain statistical significance, the label main effect consistently attains statistical significance, and the interaction effect consistently fails to attain statistical significance. Nonetheless, the estimates are highly consistent across studies. Consequently, the SPM estimates of the two main effects attain statistical significance; on the other hand, the SPM estimate of the interaction effect fails to attain statistical significance.
The SPM heterogeneity estimate is .0008 on the variance scale (or ffiffiffiffiffiffiffiffiffiffiffi :0008 p ¼ :0277 on the standard deviation scale); this means that the proportion of unhealthy entrées ordered in a given condition varies by nearly three percentage points from study to study due to method factors (i.e., even in the absence of sampling variation). I 2 is estimated at 36% with an uncertainty interval of (0%, 63%), suggesting that heterogeneity is low but could range from zero to medium.
Across three laboratory studies and one field study, we found that consumers presented with a menu that incorporates either a price surcharge or an unhealthy label order unhealthy food about as frequently as consumers presented with a no-intervention menu that incorporates neither, while consumers presented with a menu that incorporates both order unhealthy food less frequently. However, an SPM of our studies shows that all three menus do in fact reduce the frequency with which unhealthy food is ordered relative to the no-intervention menu: a menu with a price surcharge by 4.28% (95% CI: .36%-8.19%), a menu with an unhealthy label by 8.74% (95% CI: 4.50%-12.98%), and a menu with both by 16.99% (95% CI: 13.23%-20.74%). While these effects range in size, all are potentially large enough to be practically important for combatting obesity. As a follow-up, we decomposed the effects into main and interaction effects. This showed that the strongest effect is driven by the label, that there is a weaker effect of the surcharge, and most importantly that these two effects appear to operate independently of each other. I 2 was estimated at 36% (95% CI: 0%-63%), suggesting that heterogeneity is low but could range from zero to medium; this estimate, along with the visual convergence of effects demonstrated in figure 2(a), is particularly encouraging, as it shows our field study was consistent not only in sign with but also in size with the laboratory studies, thereby demonstrating the robustness and generalizability of our findings.
Case Study III: Anonymous Consumer Behavior Researcher
A consumer behavior researcher investigated how satisfaction with a product chosen by a consumer varies as a function of the choice task difficulty as well as the choice set size across five studies that used similar stimuli. 4 The primary dependent measure in these studies was satisfaction measured on a seven-point integer scale and the hypotheses concerned (i) the simple effect of the choice set size when choice task difficulty was low, (ii) the simple effect of choice task difficulty when the choice set size was small, and (iii) the interaction effect.
As the researcher wishes to remain anonymous, we present a masked version of the summary information from the studies in table 3, which serves as the primary input data for our SPM methodology. 5 The contrasts studied by the researcher are given by (-1 1 0 0) for the first simple effect, (-1 0 1 0) for the second simple effect, and (1 -1 -1 1) for the interaction effect.
3
The contrasts for these effects are given by (-1 1 -1 1) for the surcharge main effect, (-1 -1 1 1) for the label main effect, and (1 -1 -1 1) for the interaction effect.
4
Study 1 followed a two-condition design (small vs. large choice set with low choice task difficulty), while the remaining four studies followed a 2 Â 2 design (low vs. high choice task difficulty; small vs. large choice set). Studies 1, 2, and 5 followed a between-subjects design; study 3 followed a partially within-subjects design; and study 4 followed a fully within-subjects design. 5
Individual-level observations were simulated according to the study data such that the individual-level observations underlying the summary information presented in table 3 have zero mean and unit variance across all conditions of all studies. When the study designs follow a mix of between-subjects and within-subjects designs as here, information on the designs and observed covariances may optionally be provided as input data for our SPM methodology. For full details see our website.
We present single-study estimates from the five studies in figure 3(a). As can be seen, consistent with the researcher's theory, the estimates of the first simple effect are all positive and attain statistical significance, and the estimates of the interaction effect are all negative and attain statistical significance. On the other hand, the estimates of the second simple effect are mixed in terms of sign and statistical significance.
We also present the SPM estimates in figure 3(a). As is typical, these estimates lie near the midpoint of the singlestudy estimates, and the uncertainty in them is small relative to the uncertainty in the single-study estimates. However, even the SPM estimate of the second simple effect fails to attain statistical significance. This would seem to suggest the researcher's theory is false or requires refinement.
The SPM heterogeneity estimate is .06 on the variance scale (or ffiffiffiffiffiffi ffi :06 p ¼ :24 on the standard deviation scale). While this can be interpreted by comparing it to the standard deviations and sample sizes displayed in table 3, the I 2 statistic, as noted above, can yield a cleaner interpretation. I 2 is estimated at 87% with an uncertainty interval of (81%, 92%), suggesting that heterogeneity is very high.
When heterogeneity is high, it is worthwhile to consider whether the studies differ in terms of stimuli, social context, subject pool, or other potentially important method factors. In this case, the researcher considered this and discovered the products used in studies 1, 3, and 5 were utilitarian (e.g., pens), while those used in studies 2 and 4 were hedonic (e.g., chocolates). We then suggested, for exploratory purposes, that the researcher account for this method factor in the SPM; this can be done by treating the studies as if they had followed a 2 Â 2 Â 2 (rather than 2 Â 2) design where the additional factor reflects the utilitarian versus hedonic distinction.
We present results from this analysis in figure 3(b) . The single-study estimates are of course the same as those in figure 3(a) . However, the SPM estimates have changed substantially and can show dramatic differences depending on whether the product is utilitarian or hedonic. In particular, the second simple effect is negative for hedonic products but about zero for utilitarian products. Further, the interaction effect is larger in absolute value for utilitarian products relative to hedonic products. On the other hand, the first simple effect appears unaffected by whether the product is utilitarian or hedonic. Thus, whether the product is utilitarian or hedonic seems theoretically and practically important in this domain.
When the product type is accounted for in the SPM, the estimate of heterogeneity drops to zero and I 2 is estimated at 0% with an uncertainty interval of (0%, 22%), suggesting heterogeneity is zero to low. In sum, the utilitarian versus hedonic method factor seems to have been driving the high heterogeneity.
Across five laboratory studies, we found that satisfaction is lower for small choice sets relative to large ones when choice task difficulty is low and that the choice set size interacts with choice task difficulty. However, contrary to our theory, we found that satisfaction is about the same for small choice sets regardless of whether choice task difficulty is high or low. An SPM of our studies estimates the first simple effect at .52 (95% CI: .37-.67) and the interaction effect at À.61 (95% CI: À.83 -À.39), while it estimates the second simple effect at À.11 (95% CI: À.26-.05). I 2 was estimated at 87% (95% CI: 81%-92%), suggesting that heterogeneity is very high. This large heterogeneity prompted us to reflect upon differences among the studies. We discovered the products used in studies 1, 3, and 5 were utilitarian (e.g., pens), while those used in studies 2 and 4 were hedonic (e.g., chocolates). As an exploratory analysis, we conducted another SPM that accounted for this method factor. In this SPM, the estimate of I 2 dropped to 0% (95% CI: 0%-22%), suggesting the utilitarian versus hedonic method factor seems to have been driving the high heterogeneity. Further, this SPM suggested the effect of the choice set size when choice task difficulty is low is similar for utilitarian and hedonic products; the effect of choice task difficulty when the choice set size is small is approximately zero for utilitarian products but negative for hedonic products; and the interaction effect is larger for utilitarian products than for hedonic products. We believe this exploratory analysis suggests a fruitful avenue for future research. In particular, we plan to incorporate the product type as an experimentally manipulated factor in future studies of this phenomenon in order to assess whether the results of our exploratory analysis hold more generally. We also plan to determine whether other differences in products (e.g., luxury vs. mass market products, durable vs. nondurable products, products bought for the A posteriori NOTE.-Effect estimates are given by the squares for single-study estimates and the vertical bars for SPM estimate; 50% and 95% intervals are given by the thick and thin lines, respectively. The average sample size per condition in each study is given by the size of the squares. When the utilitarian versus hedonic method factor is accounted for, the SPM estimates vary depending on the product type.
self vs. for others) interact with our effects of interest in future work.
SAMPLE SIZE ANALYSES
Our SPM methodology provides a sample size analysis so that future studies of each effect of interest are adequately powered. This analysis is based principally on the SPM effect estimates. However, because optimistic assessments of power-and thus sample sizes that are too small-result if either the uncertainty associated with estimates (McShane and Böckenholt 2016) or the heterogeneity resulting from method factors (McShane and Böckenholt 2014) is ignored, our SPM sample size analysis is novel and unique in that it accounts for both of these important factors.
As an illustration, consider a simple effect that is estimated at .4. Suppose that the estimated standard error is .1, the estimate of heterogeneity is .1, and, without loss of generality, the standard deviation of the individual-level observations is 1. Our SPM sample size analysis suggests that 101 subjects per condition are required for a one-sided single-study null hypothesis significance test of zero effect with size a ¼ .05 to be adequately powered (i.e., at 80%; Cohen 1992). In contrast, a standard sample size analysis (i.e., one that assumes the effect is known to be .4 with complete certainty and that heterogeneity is zero) suggests that only 78 subjects per condition are required for adequate power. Thus, properly accounting for the uncertainty associated with the estimate as well as heterogeneity results in a larger requisite sample size, but one that provides adequate power.
Our SPM methodology also provides a sample size analysis so that future sets of studies are adequately powered. This analysis accounts for heterogeneity and uncertainty as above. However, it is again novel and unique in that it is a meta-analytic sample size analysis: the sample size does not necessarily yield individual studies that are adequately powered, but rather a meta-analysis of the set of studies taken as a whole that is adequately powered. For example, using the assumptions in the prior paragraph, our SPM sample size analysis suggests only 35 subjects per condition per study are required for a meta-analysis of three studies to be adequately powered. Clearly, each study is underpowered, as the sample size is less than the 101 subjects per condition required for a single study to be adequately powered. Nonetheless, when taken as a whole, the three individually underpowered studies are adequately powered. Similarly, our SPM sample size analysis suggests only 25 subjects per condition per study are required for a meta-analysis of four studies to be adequately powered. As 25 Â 4 < 35 Â 3, this reveals an interesting insight: when heterogeneity is nonzero, a given level of power is maintained when one splits fewer subjects across a larger number of studies.
In addition to allowing for fewer subjects in total, there are several additional benefits associated with conducting multiple small studies of a given phenomenon rather than one large study when heterogeneity is nonzero (McShane and Böckenholt 2014) . Multiple studies allow researchers to estimate heterogeneity via meta-analysis. This can suggest method factors including unaccounted-for moderators, as illustrated in Case Study III, and it allows for better calibration of Type I and Type II error, as illustrated in the appendix. Multiple studies also yield more efficient estimates-and thus greater power for a fixed total sample size-of overall average effects.
In sum, our SPM sample size analyses help ensure that researchers avoid sample sizes that are too small (large) and thus power that is less (more) than adequate. Therefore, they help researchers use their resources in an efficient manner and enhance replicability.
We refer the reader interested in the full details regarding our SPM sample size analyses to our supplementary materials.
BENEFITS
In this section, we discuss several benefits provided by our SPM methodology. While many of these were touched on in prior sections, we here elaborate on how it aids in study summary, theory testing, and replicability.
Study Summary
Our SPM methodology facilitates the summary of a set of studies in a variety of ways. Most notably, the intuitive graphical summary (e.g., figures 1-3) allows for the easy and rapid communication and comparison of results both at the single-study level and in aggregate. One can quickly examine the plot to see if, for example, there are one or more outlying studies or whether there is convergence across the set of studies.
Further, it provides estimates for all effects of interest as well as the uncertainty in them (i.e., as depicted at the bottom of figures 1-3), thus heeding recent calls for effect size estimates (Cohen 1990; Eich 2014; Iacobucci 2005; Lindsay 2015) . These estimates are more reliable than those based on single studies and generally have narrower uncertainty intervals. This increases the quality of reported results, diverts attention away from single-study estimates (which can be noisy), and focuses attention on both SPM estimates and the convergence of results across studies. In sum, SPM shifts the focus away from the demonstration of deviations from questionably meaningful sharp point null hypothesis significance tests of zero effect and toward estimation.
Theory Testing
Our SPM methodology improves theory testing in several ways. For example, because the SPM uncertainty intervals are narrower than the single-study intervals, hypothesized effects-both null and non-null-can be tested more powerfully. For posited non-null effects, the findings will be stronger than indicated by vote-counting the number of statistically significant results. For posited null effects, the more precise estimate and narrower uncertainty interval provides a stronger test.
These more powerful tests of hypothesized effects can also deepen theory testing. When authors conduct only weaker single-study tests, they may fail to detect nonnull effects (i.e., commit Type II error). However, when they conduct stronger meta-analytic tests, they may detect these effects; this may in turn motivate them to consider new decompositions of the effects that inform theory and investigate alternative explanations, as illustrated in Case Study II.
Further, because behavioral research studies can never be direct or exact replications of one another Fabrigar and Wegener 2016; Rosenthal 1991; Stroebe and Strack 2014; Tsang and Kwan 1999) , our SPM methodology estimates and accounts for heterogeneity, which has been shown to be important in a wide variety of behavioral research settings (Hedges and Pigott 2001; Klein et al. 2014; Pigott 2012 ). This estimate not only is important in its own right but also can enrich theory by suggesting unaccounted-for moderators, as illustrated in Case Study III.
Accounting for heterogeneity has another important benefit for theory testing. When heterogeneity is falsely assumed to be zero, as, for example, when studies are analyzed in isolation, the Type I error of null hypothesis significance tests is larger than the nominal size a and the Type II error is higher (and thus statistical power is lower) than suggested by standard formulae. Thus, our SPM methodology, which accounts for heterogeneity, provides not only more powerful tests of posited effects but also, as illustrated in the appendix (see also McShane and Böckenholt 2014), better calibrated tests.
Replicability
Our SPM methodology enhances replicability in a number of ways. Most notably, it provides sample size analyses so that future studies and sets of studies of each effect of interest are adequately powered; importantly, these analyses account for both uncertainty and heterogeneity.
In addition, because the primary input data required by our SPM methodology can be reported in an extremely concise table (e.g., tables 1-3), it encourages and facilitates an important level of reporting that is sometimes lacking in published work and which enhances replicability.
An additional benefit of this concision is that it allows authors to, if they desire, report studies they have that are related to those reported in the paper but which themselves were not reported in the paper. In particular, authors can simply add the data from these studies to the table and include it in the SPM. This allows them to provide further evidence about the phenomenon of interest without taking up a great deal of journal space and is generally superior to entirely omitting the studies. Further, it helps avoid the upwardly biased estimates of effect sizes and downwardly biased estimates of heterogeneity that generally result from the selective reporting of studies that attain statistical significance (Gelman and Carlin 2014; Gelman and Weakliem 2009; McShane, Böckenholt, and Hansen 2016) . Consequently, it enhances replicability.
REMARKS
In this section, we remark on a number of features of our SPM methodology that are important for application. First, strictly speaking, our SPM methodology accommodates a single dependent measure that is measured on the same measurement scale across studies. Nonetheless, insofar as the dependent measures employed across studies assess different but related constructs or are measured on different but similar measurement scales, the studies may be analyzed via our SPM methodology; however, these differences will tend to increase heterogeneity. Further, when secondary dependent measures that assess unrelated constructs are measured and are of interest, they may be analyzed via an additional separate SPM.
Second, our SPM methodology accommodates only discrete covariates, such as the discretely manipulated experimental factors used in the vast majority of behavioral research studies, but it does not accommodate continuous covariates such as continuous measured variables. This is a conscious design choice with genuine benefits: it allows for a model that requires only basic summary information rather than individual-level observations yet is equivalent to that underlying the gold-standard meta-analytic approach, thus providing greater ease of use and allowing readers as well as authors to conduct an SPM. Models that accommodate continuous covariates require access to the individual-level observations, and we encourage authors who possess individual-level observations with continuous covariates to model this data directly via a hierarchical model.
Third, while our SPM methodology can accommodate (discrete) study-level covariates as illustrated in Case Study III, because single papers feature a relatively small number of studies, assessing the impact of study-level covariates is generally a task best left to traditional metaanalyses of large numbers of studies. We note that, regardless, meta-analysis can establish any such impact as a mere association rather than as a cause.
Fourth, our SPM methodology may in some cases be applicable to only a subset of the studies that appear in a typical behavioral research paper. In this case, we believe an SPM of the subset is still valuable and advocate this practice. However, we also note that an SPM of the full set may still be possible. For example, consider a set of studies in which one of the studies has a continuous covariate. If this covariate is, say, an experimental factor that was manipulated discretely in the other studies but continuously in the one study, then we would advocate an SPM of the subset. On the other hand, if this covariate is, say, a measured variable used as a control variable, then an SPM of the full set but omitting the variable is also possible.
Fifth, and as previously noted, our SPM methodology may in some cases be applicable to a superset of the studies that appear in a typical behavioral research paper. In particular, authors may, if they desire, include in the SPM studies they have that are related to those reported in the paper but which themselves were not reported in the paper.
Finally, because the purpose of SPM is to summarize sets of studies that appear in a typical behavioral research paper, our SPM methodology does not attempt to assess or adjust for publication bias or any other forms of bias in the studies Rothstein, Sutton, and Borenstein 2005) . Any bias in the studies is-as we believe is proper given the purpose of SPM-incorporated into the SPM estimates.
DISCUSSION
The current practice of analyzing the multiple studies of a common phenomenon that appear in a typical behavioral research paper solely in isolation is inefficient and forgoes benefits for study summary, theory testing, and replicability that can be obtained only by analyzing them jointly. Consequently, we advocate that authors of typical behavioral research papers include a table of summary information from each study (e.g., tables 1-3), conduct and discuss an SPM of the studies, and provide the intuitive graphical summary (e.g., figures 1-3). This will supplement the single-study analyses that independently examine the multiple studies as well as the qualitative meta-analysis that verbally synthesizes the studies and requires only a minor modification of current practice.
To facilitate this, we make four principal contributions. First, we introduce meta-analytic methodology that is userfriendly, widely applicable, and-most importantlyspecially tailored to account for the complex patterns of variation and covariation among the observations from a set of studies that appear in a typical behavioral research paper. Second, we note that the model underlying our SPM methodology is equivalent to that underlying the goldstandard meta-analytic approach and exploit that this equivalence is widely applicable for the meta-analysis of the set of studies that appear in typical behavioral research papers. Third, we introduce two novel and unique sample size analyses; our sample size analysis for future studies integrates the approaches of Böckenholt (2014, 2016) to account for both uncertainty and heterogeneity, while our sample size analysis for future sets of studies extends this to multiple studies. Fourth, we provide a website that implements our SPM methodology and sample size analyses and provides the intuitive graphical summary in a single, easy-to-use package.
Our SPM methodology is advantageous relative to the alternative approaches noted in our introduction, such as those discussed by Rosenthal (1978) and the standardized effect approach. For instance, the approaches discussed by Rosenthal (1978) produce only a p-value and no estimate of effect size or uncertainty, while the preprocessing of the observed effects required by the standardized effect approach (i.e., to convert them to a common scale) is laborious and results in a lack of correspondence between the single-study analyses and the meta-analysis. In addition, these approaches accommodate only a single effect of interest (i.e., because they do not account for the dependence between the multiple effects of interest typical in behavioral research studies); make it difficult to accommodate a mix of between-subjects and withinsubjects study designs; and fail to accommodate studies that provide only partial information about the effect of interest (i.e., studies that omit one or more conditions relevant for an effect of interest must be omitted from the meta-analysis). Further, the approaches discussed by Rosenthal (1978) fail to account for heterogeneity and, in practice, the same holds for the standardized effect approach (i.e., because, when there are few studies as in SPM, the standardized effect approach often estimates heterogeneity at zero when it is in fact nonzero; Chung et al. 2013 ); failing to account for heterogeneity can, as illustrated in the appendix, result in miscalibrated Type I and Type II error. Finally, these approaches do not produce an intuitive graphical summary, sample size analyses, or other benefits of our SPM methodology.
In closing, we note our SPM methodology has benefits for three constituents not discussed in depth in this paper. First, and as previously noted, because our SPM methodology requires only basic summary information, it allows readers as well as authors to conduct an SPM and obtain the benefits for study summary, theory testing, and replicability (provided this information is reported). Consequently, all benefits provided by our SPM methodology are available for a large corpus of previously published work.
Second, because our SPM methodology heeds Cohen's maxim that "the primary product of a research inquiry is one or more measures of effect size, not p-values" (Cohen, 1990 (Cohen, , 1310 as well as more recent calls for effect size estimates (Eich 2014; Iacobucci 2005; Lindsay 2015) , it is particularly useful to those researchers who believe results should not be assessed solely or even primarily with reference to null hypothesis significance tests. This focus on effect sizes also helps avoid several well-known problems associated with sharp point null hypothesis significance testing, such as the arbitrariness of the standard size a ¼ .05 (Cowles and Davis 1982) ; the fact that statistical significance is not the same as practical importance (Freedman et al. 2007) ; and the tendency to view evidence dichotomously rather than continuously resulting in the dismissal of differences observed in practice (McShane and Gal 2016; Rosnow and Rosenthal 1989) .
Third, we recognize that some researchers are opposed to meta-analysis on principle: they believe each study is entirely unique and therefore pooling data across studies involves combining things that are not alike. While we ultimately believe this to be a grim perspective because, taken seriously, it precludes generalization and, inter alia, suggests a return to single-study papers, we note that our SPM methodology provides at least two benefits even to researchers who hold this perspective: (i) the graphical summary can be used to assess convergence across studies without recourse to meta-analysis by simply ignoring the bottom portion of the graphic that reflects the SPM and (ii) the estimate of heterogeneity can be used to quantify the degree to which the studies are not alike. Thus, we are optimistic that even researchers skeptical of meta-analysis can find our SPM methodology to some degree useful. heterogeneity is respectively low, medium, and high. In sum, optimistic assessments of power-and thus sample sizes that are too small-result if heterogeneity is ignored; for example, even with double the sample size required by the standard sample size analysis, power is inadequate when heterogeneity is high.
Instead, suppose one is interested in taking those same 156 subjects per condition and splitting them across multiple studies to conduct a one-sided meta-analytic null hypothesis significance test of zero effect with size a ¼ .05. As shown in the prior subsection, the meta-analytic test properly tests whether the overall average component is zero when heterogeneity is nonzero and thus maintains its nominal size a; this has implications for Type II error and thus power as shown in table 4 (as the single-study test discussed in the prior paragraph and the meta-analytic test discussed in this paragraph test different hypotheses when heterogeneity is nonzero, power is not directly comparable between them). When heterogeneity is zero, conducting multiple studies is equivalent to conducting one large study because the study-specific components are all zero; thus, meta-analytic power is equivalent to single-study power. On the other hand, when heterogeneity is nonzero, a metaanalysis consisting of only a small number of studies can have relatively low power but, when the same number of subjects is split across a larger number of studies, power can increase considerably. NOTE.-When heterogeneity is zero, meta-analysis and single-study analysis are equivalent. When heterogeneity is nonzero, splitting the same number of subjects across a larger number of studies results in greater power.
